Using geospatial and economic analysis, we identify abundant renewable resources in India -850-3,400 GW for onshore wind, 1,300-5,200 GW for utility-scale solar photovoltaic (PV), 160-620 GW for concentrated solar power (CSP, with 6h-storage). However, these resources are concentrated in the western and southern regions. Deriving capital costs from India's 2017-18 auction prices, we estimate the 5th and 95th percentiles of levelized costs of energy generation ranging from USD 47-52 per MWh for solar PV and USD 42-62 per MWh for wind. Karnataka, Maharashtra, Tamil Nadu, and Telangana are the best states for access to high-voltage substations, but transmission investments in Gujarat, Rajasthan, Andhra Pradesh, and Madhya Pradesh are needed to harness significant renewable resources. More than 80% of wind resources lie on agricultural lands where dual land use strategies could encourage wind development and avoid loss of agriculturally productive land. Approximately 90% of CSP resources and 80% of solar PV resources are in areas experiencing high water stress, which can severely restrict deployment unless water requirements are minimized. Finally, we find co-location potential of at least 110 GW of wind and 360 GW of solar PV, which together could meet 35% of electricity demand in 2030.
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Introduction 1
India's greenhouse gas emissions rank third in the world [1] . More than 2 30% of these emissions are from coal-based electricity generation [1] , which is important for setting regional policies such as state-specific RE targets.
22
Identifying suitable areas for RE deployment is also critical for land-use and respectively [7, 8] . 2 Land acquisition in India has been a challenge, and land 27 conflicts due to large infrastructure projects are common [9, 10] . 3 Identify- 28 2 Assumptions of land use factors are 9 MW/km 2 for wind and 30 MW/km 2 for both solar PV plants. Actual direct land-use requirements of wind plants, which mainly includes roads, turbine footprint, and transformer, is significantly smaller than the entire area occupied by a wind plant. Total and urban area estimates for India are from the World Bank.
3 In a study analyzing 289 land-related conflicts in 2016, 15% of the total conflicts were
In this study, we spatially identify and quantify the techno-economic po-
48
tential for electricity generation from onshore wind, utility-scale solar PV, 49 and concentrated solar power (CSP, with 6hr-storage) technologies in India 50 using various siting assumptions and physical and environmental constraints.
51
To enable strategic spatial planning, we identify land-use and water siting 52 constraints and explore co-location opportunities for informed solar and wind 53 power plant siting. Numerous studies have quantified RE resource potential 54 using geographic information systems (GIS) [22, 23, 24, 25] . We also es-55 timate the levelized cost of electricity (LCOE) generation, interconnection 56 costs using the nearest transmission substation, and costs to connect each 57 project to the road network. Further, we evaluate risks posed by compet-58 ing land-uses and water scarcity to future RE development in the country. 
Renewable Energy Resource Assessment

70
We first identified areas that meet baseline technical, environmental, eco- 
In In
Kharif, Rabi, and Zaid are cropping seasons.
storage after applying a 75% land use discount factor). These sizes were 109 selected to represent utility-scale wind and solar power plants.
110
For each POA, we estimated several technical and economic attributes 111 ( Table 3 for solar PV-specific assumptions). The solar radiation data in NSRDB were developed by the National Renewable Energy Laboratory (NREL) using the State University of New York (SUNY) semi-empirical model and the meteorological data are from the National Aeronautics and Space Administration (NASA)'s Modern-Era Retrospective Analysis for Research and Applications (MERRA). CFs for a 6-hr-storage CSP power plant for each POA.
Wind. The CF of a wind turbine depends on wind speed distribution at the 166 turbine hub height, air density, and the turbine power curve. In this analysis,
167
we estimated CFs from wind speeds at a turbine hub height of 80 m. 
176
To compute the CF for each 3.6 km grid cell (the native resolution of
177
Vaisala data), we used methods described in [26] . We first assigned IEC 178 classes based on each grid cell's annual average wind speed [42] . Second, to 179 account for the effect of air density on power generation, we estimated the 180 air density using elevation and average annual temperature for each grid cell.
181
We then selected the appropriate air-density-adjusted power curve given the 182 average wind speed, which determines the IEC class, and the air density,
183
which determines the air-density adjustment within the IEC class. For each 184 grid cell, we discretely computed the power output at each wind speed given 185 its probability (using a Weibull distribution with a shape factor of 2) and The DNI solar resource data for India were developed by NREL using satellite imagery and a numerical model developed at the State University of New York (SUNY) with the weather data from the Integrated Surface Database maintained by the U.S. National Oceanic and Atmospheric Administration (NOAA).
factor (cf wind ) is simply the ratio of the mean wind power output to the rated power output of the turbine (P r or 2000 kW), accounting for any collection 190 losses (η a ) and outages (η o ) (Eq. 2).
Levelized Cost of Electricity (LCOE) estimation
195
LCOE is the average cost of electricity for every unit of electricity gener- 
209
Using this CF along with assumptions for fixed operations and maintenance
210
(O&M) cost, discount rate, and plant lifetime ( the cost of the substations, which does not vary by distance (see Table 3 230
for parameter values). We then used this total capital cost to estimate the 231 transmission interconnection component of the LCOE using equation 4. and financing. We assumed costs for a two lane bituminous road (Table   237 3). We also assumed that one road will be built for every 50 MW capacity 238 project, which is a reasonable size for a utility-scale project. Figure 2) . The highest quality resources are concentrated 313 in Tamil Nadu and Gujarat. factors below 18% (Figure 3 ). 
314
327
Costs
341
Assuming capital costs derived from mean auction prices, the 5th and LCOEs as more wind and solar plants are installed.
377
We conducted sensitivity analysis as outlined in the Methods section.
378
Total LCOE is most sensitive to three parameters: capacity factor, which 379 depends on the resource quality at a project site; capital costs, which evolve 380 through technological advances, economies of scale, and learning by doing;
381
and discount rate, which is a reflection of financing rates available in a region
382
(See Figure 5b) . The total LCOE is also sensitive to distances to nearest road Figure 5: (a) Electricity generation potential and levelized cost of electricity estimates for generation, transmission, and road for solar PV and wind and (b) total levelized cost of electricity sensitivity to multiple parameters. For sensitivity analysis, maximum, median (base), and minimum values for capacity factors and distances to nearest substation and road are estimates from this analysis; capital cost ranges are derived from lowest and highest 2017-18 auction prices; discount rate is varied from 4% to 10%; other parameters varied by +/-20% of base values (Table 3) . 3.6. Co-locating wind and solar PV plants
427
We found approximately 48,000 km 2 of area suitable for co-location of 
Discussion
NRSC of India
Developed by the National Remote Sensing Centre of the Indian Space Research Organisation, this land useland cover dataset is provided at a scale of 1:50,000. Overall accuracy of different LULC classes can vary from 79% (agro-horticulture) to 97% (waterbodies).
2010-11
See Table  1 31 Data were created from computer simulations using a meso-scale numerical weather prediction model and validated using publicly available wind speed observations. Annual average wind speed, wind power density, and wind power output were provided at 80 m hub height and 3.6 km resolution for a typical meteorological year. Figure B .10: (a) Electricity generation potential and levelized cost of electricity estimates for generation, transmission, and road for concentrated solar power (CSP), solar PV, and wind, and (b) total levelized cost of electricity sensitivity to multiple parameters. For sensitivity analysis, maximum, median (base), and minimum values for capacity factors and distances to nearest substation and road are estimates from this analysis; capital cost ranges are derived from lowest and highest 2017-18 auction prices for solar PV and wind, and from IRENA [3] for CSP; discount rate is varied from 4% to 10%; other parameters varied by +/-20% of base values (Table 3) . SS-substation. TX-Transmission.
mal irradiance and concentrated solar power capacity factors 617 Figure C .11: Relationship between capacity factor and Direct Normal Irradiance (DNI). Capacity factors were simulated using the generic CSP plant in NRELs System Advisor Model for 19 locations across high quality resource areas in India. Logarithmic equations were fit to the simulated capacity factor data to statistically model the relationship between capacity factor and annual average DNI.
